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(57) Abstract: An electronic apparatus is provided. The electron-
ic apparatus includes: a camera, a processor, and a memory con-
figured to store a network model trained to determine a degree of
matching between an input image frame and predetermined fea-

ture information, wherein the processor is configured to: identify
a representative image frame based on a degree of matching ob-
tained by applying image frames, selected from among a plurality
of image frames, to the trained network model, while the plurality
of image frames are captured through the camera, identify a best
image frame based on a degree of matching obtained by apply-
ing image frames within a specific section including the identified
representative image frame, to the trained network model, from
among the plurality of image frames, and provide the identified

best image frame.
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Description
Title of Invention: ELECTRONIC APPARATUS, CONTROLLING
METHOD OF ELECTRONIC APPARATUS, AND COMPUTER

READABLE MEDIUM
Technical Field

[1] The disclosure relates to an electronic apparatus, and more particularly, to an
electronic apparatus for providing a best image photographed at the most appropriate
(user's desired) moment in a video photographed by a user.

[2] The disclosure also relates to an electronic apparatus for optimizing a computation
process and a controlling method thereof in selecting a best image among a plurality of
images according to an artificial intelligence (Al) system that mimics functions of a
human's brain, such as cognition, determination, and the like, using a machine training
algorithm and an application thereof.
Background Art

[3] For a common user, it is generally difficult to take a picture that captures a desired
moment, such as the moment at which a bat of a baseball player meets a ball and the
moment at which a character on a screen smiles. The reason is that there is a delay
between the moment at which a shutter is pressed and the moment at which an actual
image capturing is performed, but most of all, it is not easy to predict when the desired

moment will occur.

[4] In order to solve such an inconvenience, various techniques have been proposed in
the related art.
[5] As an example, there has been provided an electronic apparatus that continuously

photographs images for a specific time and allows the user to select the most desired
picture among the photographed images. However, the consequence of this method is
that a large number of unnecessary images remain in the memory as a result of the
shooting, and the user has to directly select one image among the images.

[6] In addition, there has been provided a photographing apparatus implemented to take
a picture at a moment when one or more objects in the image match a predetermined
composition (e.g., a moment when the bat of the baseball player is located on a specific
line to meet the ball). However, with this method there is a disadvantage in that a
utility range is very limited to only a given composition and installation of a tripod is
necessary to maintain the composition.

[7] An artificial intelligence (Al) system is a computer system implementing human-
level intelligence, and is a system in which a machine performs learning and deter-

mination by oneself and becomes smart, unlike an existing rule-based smart system. As
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the artificial intelligence system becomes more common, a recognition rate is
improved and a user's taste may be more accurately understood. Therefore, the existing
rule-based smart system has been gradually replaced by a deep learning-based artificial

intelligence system.
[8] An artificial intelligence technology includes machine learning (deep learning) and

element technologies using the machine learning.

[9] The machine learning is an algorithm technology of classifying and learning features
of input data by oneself. Further, the element technology is a technology that mimics
functions of a human brain such as recognition, determination, and the like using a
machine learning algorithm such as deep learning, or the like, and includes technical
fields such as linguistic understanding, visual understanding, inference/prediction,
knowledge representation, a motion control, and the like.

[10] The various fields to which the artificial intelligence technology is applied are as
follows. The linguistic understanding is a technology of recognizing and applying/
processing human languages/characters, and includes natural language processing,
machine translation, a dialog system, question and answer, speech recognition/
synthesis, and the like. The visual understanding is a technology of recognizing and
processing things like human vision, and includes object recognition, object tracking,
image search, human recognition, scene understanding, space understanding, image
improvement, and the like. The inference/prediction is a technology of determining
and logically inferring and predicting information, and includes knowledge/
probability-based inference, optimization prediction, preference-based planning, rec-
ommendation, and the like. The knowledge representation is a technology of au-
tomating and processing human experience information as knowledge data, and
includes knowledge establishment (data generation/classification), knowledge
management (data utilization), and the like. The motion control is a technology of con-
trolling autonomous driving of a vehicle, a motion of a robot, and the like, and includes
a motion control (navigation, collision, driving), an operation control (behavior
control), and the like.

[11] For example, based on an artificial intelligence model learned through various
images, it may be determined whether an input image includes a specific element and/

or how much the input image matches a predetermined feature or image.
Disclosure of Invention
Technical Problem

[12] One or more embodiments provide an electronic apparatus that identifies and

provides the most appropriate best image frame from among a plurality of image

frames included in a corresponding video even if a user does not press a shutter once
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the video is photographed.
Further, one or more embodiments provide an electronic apparatus that automatically

provides an image frame corresponding to one or more situations desired by a user
using a pre-learned artificial intelligence model.

In particular, one or more embodiments provide an electronic apparatus that uses an
optimal method for providing a best image frame at the fastest speed in analyzing a
plurality of image frames in a video using an artificial intelligence model having a
limited computational speed.

Solution to Problem

Provided are an electronic apparatus and a method of operating the same, for
providing a best image photographed at the most appropriate (user's desired) moment
in a video photographed by a user.

Additional aspects will be set forth in part in the description which follows and, in
part, will be apparent from the description, or may be learned by practice of the
presented embodiments.

In accordance with an aspect of the disclosure, an electronic apparatus includes: a
camera; a processor configured to control the camera; and a memory configured to be
electrically connected to the processor and to store a network model trained to
determine a degree of matching between an input image frame and predetermined
feature information, wherein the memory stores at least one instruction, and wherein
the processor is configured, by executing the at least one instruction, to: identify a rep-
resentative image frame based on a degree of matching obtained by applying image
frames, selected from among a plurality of image frames, to the trained network model,
while the plurality of image frames are captured through the camera, identify a best
image frame based on a degree of matching obtained by applying image frames within
a specific section including the identified representative image frame, from among the
plurality of image frames, to the trained network model, and provide the identified best
image {rame.

The selected image frames may include image frames captured at a constant time
interval among the plurality of image frames; and the constant time interval may be de-
termined based on a determination speed of the trained network model.

The processor may be further configured to execute the at least one instruction to:
obtain, for each of the selected image frames, a score corresponding to the degree of
matching by applying the selected image frames to the trained network model; and
identify the representative image frame having a highest score among image frames in
which the obtained score is greater than or equal to a predetermined threshold.

The processor may be further configured to execute the at least one instruction to:
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obtain, for each of the image frames within the specific section, a score corresponding
to the degree of matching by applying the image frames within the specific section to
the trained network model; and identify the best image frame as having a highest score
among the obtained scores.

The processor may be further configured to execute the at least one instruction to:
obtain a plurality of image frames of low quality by lowering a resolution of the
plurality of image frames; identify a representative image frame of low quality by
applying image frames, selected from among the plurality of image frames of low
quality, to the trained network model; and identify the best image frame by applying
the image frames within the specific section including the representative image frame
corresponding to the representative image frame of low quality, from among the
plurality of image frames, to the trained network model.

The processor may be further configured to execute the at least one instruction to:
delete image frames before a first image frame among the plurality of image frames,
based on a score corresponding to the degree of matching of the first image frame
among the selected image frames being less than a predetermined threshold; and
identify the first image frame as the representative image frame, based on the score of
the first image frame being greater than or equal to the predetermined threshold.

The processor may be further configured to execute the at least one instruction to:
delete the image frames before the first image frame among the plurality of image
frames, based on the score of the first image frame being greater than or equal to the
predetermined threshold, and a score corresponding to a degree of matching of a
second image frame following the first image frame among the selected image frames
being greater than the score of the first image frame; and identify the second image
frame as the representative image frame.

The processor may be further configured to execute the at least one instruction to:
divide the plurality of image frames into a plurality of events based on the degree of
matching of the selected image frames; and identify the best image frame for each of
the plurality of events.

The processor may be further configured to execute the at least one instruction to
determine that a first image frame and a third image frame correspond to different
events, based on a score corresponding to a degree of matching of the first image frame
among the selected image frames being greater than or equal to a predetermined
threshold, a score corresponding to a degree of matching of a second image frame
captured after the first image frame being less than the predetermined threshold, and a
score corresponding to a degree of matching of the third image frame captured after the
second image frame being greater than or equal to the predetermined threshold.

The trained network model may be trained based on a plurality of images matching
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the feature information and a plurality of images that do not match the feature in-
formation; and the feature information may be related to at least one of one or more
objects included in an image, an action of the one or more objects, an expression of the
one or more objects, or a situation corresponding to the image.

In accordance with another aspect of the disclosure, a controlling method of an
electronic apparatus includes a memory configured to store a network model trained to
determine a degree of matching between an input image frame and predetermined
feature information, the controlling method including: identifying a representative
image frame based on a degree of matching obtained by applying image frames,
selected from among a plurality of image frames, to the trained network model, while
the plurality of image frames are captured through a camera; identifying a best image
frame based on a degree of matching obtained by applying image frames within a
specific section including the identified representative image frame, from among the
plurality of image frames, to the trained network model; and providing the identified
best image frame.

The identifying the representative image frame may include: applying, to the trained
network model, the image frames selected from among the plurality of image frames at
a constant time interval, wherein the constant time interval may be determined based
on a determination speed of the trained network model.

The identifying the representative image frame may include: obtaining, for each of
the selected image frames, a score corresponding to the degree of matching by
applying the selected image frames to the trained network model; and identifying the
representative image frame having a highest score among image frames in which the
obtained score is greater than or equal to a predetermined threshold.

The identifying the best image frame may include: obtaining, for each of the image
frames within the specific section, a score corresponding to the degree of matching by
applying the image frames within the specific section to the trained network model;
and identifying the best image frame as having a highest score among the obtained
scores.

The controlling method may further include: obtaining a plurality of image frames of
low quality by lowering a resolution of the plurality of image frames; and identifying a
representative image frame of low quality by applying image frames, selected from
among the plurality of image frames of low quality, to the trained network model,
wherein the identifying the best image frame may include applying the image frames
within the specific section including the representative image frame corresponding to
the representative image frame of low quality, from among the plurality of image
frames, to the trained network model.

The identifying the representative image frame may include: deleting image frames
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before a first image frame among the plurality of image frames, based on a score corre-
sponding to the degree of matching of the first image frame among the selected image
frames being less than a predetermined threshold; and identifying the first image frame
as the representative image frame, based on the score of the first image frame being

greater than or equal to the predetermined threshold.
The identifying the representative image frame may include: deleting the image

frames before the first image frame among the plurality of image frames, based on the
score of the first image frame being greater than or equal to the predetermined
threshold, and a score corresponding to a degree of matching of a second image frame
following the first image frame among the selected image frames being greater than

the score of the first image frame; and identifying the second image frame as the repre-
sentative image frame.

The controlling method may further include: dividing the plurality of image frames
into a plurality of events based on the degree of matching of the selected image frames,
wherein the identifying the best image frame may include identifying the best image
frame for each of the plurality of events.

The dividing the plurality of image frames into the plurality of events may include:
determining that a first image frame and a third image frame correspond to different
events, based on a score corresponding to a degree of matching of the first image frame
among the selected image frames being greater than or equal to a predetermined
threshold, a score corresponding to a degree of matching of a second image frame
captured after the first image frame being less than the predetermined threshold, and a
score corresponding to a degree of matching of the third image frame captured after the
second image frame being greater than or equal to the predetermined threshold.

In accordance with another aspect of the disclosure, a non-transitory computer
readable medium has stored thereon computer instructions executable by a processor
of an electronic apparatus to cause the electronic apparatus to perform: identifying a
representative image frame based on a degree of matching obtained by applying image
frames, selected from among a plurality of image frames, to a trained network model,
while the plurality of image frames are captured through a camera; identifying a best
image frame based on a degree of matching obtained by applying image frames within
a specific section including the identified representative image frame, from among the
plurality of image frames, to the trained network model; and providing the identified
best image frame, wherein the trained network model is stored in a memory of the
electronic apparatus and is trained to determine a degree of matching between an input

image frame and predetermined feature information.

Advantageous Effects of Invention
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The electronic apparatus according to one or more embodiments may automatically
identify and provide the most appropriate best image frame among a plurality of image
frames included in a video even if the user does not press a shutter once the video is

photographed.
Further, the electronic apparatus according to one or more embodiments may provide

an image frame that accurately matches one or more situations desired by the user
using a pre-trained artificial intelligence model. In particular, in analyzing the plurality
of image frames in the video using an artificial intelligence model having a limited
computational speed, the optimal method may be used and the best image frame may

be provided at a fast speed.
Brief Description of Drawings

The above and other aspects, features, and advantages of certain embodiments of the
present disclosure will be more apparent from the following description taken in con-
junction with the accompanying drawings, in which:

FIG. 1 is a diagram schematically illustrating a process of providing a best image
frame by an electronic apparatus according to an embodiment viewed from a viewpoint
of a user of the electronic apparatus;

FIG. 2 is a block diagram illustrating a configuration of an electronic apparatus
according to an embodiment;

FIG. 3 is a diagram illustrating an example of analyzing a selected image frame
among a plurality of image frames;

FIG. 4 is a diagram illustrating an example of finding a section including the best
image frame by analyzing a plurality of image frames of low quality, and identifying
the best image frame by analyzing frames included in the section in high quality;

FIGS. 5a and 5b illustrate graphs illustrating an example of using a score of each
image frame determined through a learned network model to identify the section
including the best image frame and the best image frame'

FIGS. 6a to 6¢ are graphs illustrating an example in which a plurality of best image
frames is provided as a result of the plurality of image frames including a plurality of
events;

FIGS. 7a to 7f are graphs illustrating an example of a specific process for finding a
section including the best image frame in real time while the plurality of image frames
constituting a video are photographed;

FIG. 8 is a block diagram illustrating an example of a configuration of a processor
for training an artificial intelligence model and/or using a learned artificial intelligence
model;

FIGS. 9a and 9b are block diagrams illustrating in more detail configurations of a
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data learner and a data recognizer included in the processor in FIG. §;
FIG. 10 is a block diagram illustrating a detailed configuration of an electronic

apparatus according to an embodiment;

FIG. 11 is a flowchart illustrating a controlling method of an electronic apparatus
according to an embodiment;

FIG. 12 is a flowchart illustrating an example for finding a section including the best
image frame by analyzing the plurality of image frames in low quality;

FIG. 13 is an algorithm illustrating an example of a specific process for finding a
section including the best image frame in real time while the plurality of image frames
constituting a video are photographed; and

FIG. 14 is an algorithm illustrating an example of an overall process from the starting

of the photographing of the video to the providing of the best image frame.
Mode for the Invention

It is understood that the terms used in the specification and claims may be generic
terms in consideration of the functions in diverse embodiments. However, these terms
may vary depending on the intentions of the artisan skilled in the art, legal or technical
interpretation, and emergence of new technologies. In addition, some terms are ar-
bitrarily chosen by the applicant. Such terms may be interpreted as defined herein, and
may be interpreted based on the general contents of the specification and common
technical knowledge in the related art, unless otherwise defined.

In addition, like reference numerals or symbols in the drawings attached to the speci-
fication denote parts or components that perform substantially the same functions. For
convenience of explanation and understanding, different embodiments will be
described using the same reference numerals or symbols. That is, although various
components having the same reference numerals are shown in the drawings, the
drawings do not imply one embodiment.

In addition, in the specification and claims, the terms including ordinal numbers such
as "first" and "second" may be used to distinguish between the components. These
ordinal numbers are used to distinguish the same or similar components from each
other, and the meaning of the terms should not be construed as being limited by the use
of these ordinal numbers. As an example, the components combined with these ordinal
numbers should not be limited in order of use or arrangement by the number. The re-
spective ordinal numbers may be interchangeably used, if necessary.

"o

As used herein, the singular forms "a,” "an" and "the" include plural forms unless the
context clearly indicates otherwise. It should be further understood that terms "include"
or "constituted" used in the application specify the presence of features, numerals,

steps, operations, components, parts mentioned in the specification, or combinations
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thereof, but do not preclude the presence or addition of one or more other features,

numerals, steps, operations, components, parts, or combinations thereof.

"o "o

Furthermore, terms such as "module,” "unit," "part," and the like are terms for
referring to a component that performs at least one function or operation and such a

component may be implemented in hardware or software or a combination of hardware

"o "o

and software. In addition, a plurality of "modules," "units," "parts," and the like are in-
tegrated into at least one module or chip and implemented as or by at least one
processor, except for a case that each needs to be implemented as separate specific
hardware.

In addition, in the description, when a part is referred to as being connected to
another part, this includes not only a direct connection but also an indirect connection
through another medium. In addition, the meaning that a part includes a certain
component indicates that the part may further include other components, not to exclude
other components, unless otherwise stated.

Hereinafter, it is understood that expressions such as "at least one of," when
preceding a list of elements, modify the entire list of elements and do not modify the
individual elements of the list. For example, the expressions "at least one of [A], [B],
and [C]" or "at least one of [A], [B], or [C]" means only A, only B, only C, A and B, B
and C, Aand C, or A, B, and C.

FIG. 1 is a diagram schematically illustrating a process of providing a best image
frame 30 by an electronic apparatus 10 according to an embodiment viewed from a
viewpoint of a user.

Referring to FIG. 1, when a user executes a specific application and/or selects a
specific button/user interface, capturing of a video 20 through a camera of an
electronic apparatus 10 may be started. In addition, the captured video 20 may be
displayed on a display of the electronic apparatus 10. Referring to the example shown
in FIG. 1, the captured video 20 is a video including a moment at which a baseball
player hits the ball with a bat. In this case, the user may not be aware of the fact that
scenes currently being viewed through the display of the electronic apparatus 10 are
being stored and analyzed as video data.

In addition, the electronic apparatus 10 may select and provide to the user an image
frame of a moment that the user most wants to capture among the image frames
included in the captured video 20, that is, an image frame 30 that captures a moment at
which the ball hits the bat.

In this case, when a user command to end the video capturing is input to the
electronic apparatus 10 or a capturing time exceeds a predetermined time, the video
capturing may end and a predetermined number of the best image frames 30 may be

found during the capturing or after the capturing ends. In addition, the best image
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frame 30 may be provided to the user almost at the same time as a moment at which
the video capturing ends, or within a very short time from the moment at which the
video capturing ends.

In addition, the electronic apparatus 10 may automatically delete all image frames
except for the best image frame 30 among the plurality of image frames included in the
captured video 20, thereby preventing inconvenience that the user manually deletes the
corresponding image frames.

As described above, the electronic apparatus 10 has an effect that the best image
frame 30 capturing a moment desired by the user among the plurality of image frames
included in the captured video 20 may be quickly provided without the user having to
press the shutter, once the user captures a video 20 including a specific scene using the
camera and the display of the electronic apparatus 10.

Hereinafter, a configuration and a technical operation of an electronic apparatus 100
for performing the function described with reference to FIG. 1 will be described
through one or more embodiments.

FIG. 2 is a block diagram illustrating a configuration of an electronic apparatus 100
according to an embodiment.

The electronic apparatus 100 may be implemented as various electronic devices
capable of photographing (i.e., capturing) a video and processing one or more image
frames included in the photographed video, such as a cellular phone, a smartphone, a
digital camera, a desktop personal computer (PC), a notebook PC, a tablet PC, a kiosk,
a sticker photographing device, a closed circuit television (CCTV) system, an in-
vehicle camera system, and the like.

Referring to FIG. 2, the electronic apparatus 100 may include a camera 110, a
processor 120, and a memory 130.

The camera 110 is a component for photographing one or more images, and may be
implemented as a digital camera including one or more image sensors. The electronic
apparatus 100 may include one or more cameras 110.

The image sensor may include a plurality of optical sensors to recognize ambient
light. Here, an optical sensor is a component for converting input light into an
electrical signal and may be implemented as or include a photodiode.

The image sensor may be implemented as a charge coupled device (CCD), a com-
plementary metal-oxide-semiconductor (CMOS), or the like, but is not limited thereto.

The resolution of the image photographed by the camera 110 may be determined
according to the number of optical sensors provided in the camera 110. In this case, the
electronic apparatus 100 may adjust the resolution of the photographed image or
generate a new image having the resolution different from that of the photographed

image, through an image processor controlled by the processor 120.
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The electronic apparatus 100 may not only photograph individual images one by one
through the camera 110, but also sequentially photograph a plurality of images at
constant intervals. In this case, the plurality of images photographed at constant
intervals may be a plurality of image frames constituting one or more videos.

The processor 120 (e.g., at least one processor) may control an overall operation of
the electronic apparatus 100. To this end, the processor 120 may include a random
access memory (RAM), a read only memory (ROM), a central processing unit (CPU),
a graphic processing unit (GPU), a system bus, and the like, and may execute op-
erations or data processing relating to the control of one or more components included
in the electronic apparatus 100.

The processor 120 may control one or more components included in the electronic
apparatus 100 by executing one or more instructions stored in the memory 130,
controls one or more components as a hardware circuit or chip, or control one or more
components as a combination of software and hardware.

The processor 120 may be electrically connected to and control various components
of the electronic apparatus 100 including the camera 110 and the memory 130.

The memory 130 is a component for storing an operating system (OS) for controlling
an overall operation of the components of the electronic apparatus 100, and commands
or data associated with the components of the electronic apparatus 100.

To this end, the memory 130 may be implemented as a non-volatile memory (e.g., a
hard disk, a solid state drive (SSD), or a flash memory), a volatile memory, or the like.
When an image frame is input, the memory 130 may store a network model learned
(e.g., trained) to determine a degree of matching between the input image frame and

predetermined feature information.

The learned network model may be learned (e.g., trained) through a plurality of
images matching the feature information to determine a degree to which the input
image matches the corresponding feature information.

The feature information may be related to at least one of one or more objects
included in the image, a behavior of the object, an expression of the object, and a
situation corresponding to the image. For example, the image matching the feature in-
formation may be variously predetermined such as an image including a smiling
person, an image including an animal such as a cat/dog staring at the camera, an image
of a moment at which several people jump, and a moment at which a bat of a baseball
player hits a ball.

That is, the trained network model may be trained through, for example, a plurality
of images including the smiling person to determine the degree to which the input
image matches the smiling person.

The degree to which the input image matches the feature information may be greater,
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for example, the greater the degree of smiling of the person in the input image, the
greater the height of the jump of several persons in the input image, etc.

The network model may also be trained using a plurality of images matching the
feature information and a plurality of images not matching the feature information.

For example, in order to more accurately determine the degree to which the input
image matches the feature information of the smiling person, the network model may
be trained using not only a plurality of images including the smiling people, but also a
plurality of images including non-smiling people, a plurality of images including
smiling cartoon characters, and the like. In addition, the network model may be trained
through a plurality of images including a faintly smiling person, a plurality of images
including a moderately smiling person, a plurality of images including a loudly
laughing person, and the like to numerically determine how much the input image
matches the feature information of the smiling person.

The network model may be constructed in consideration of an application field of the
network model, the purpose of learning, or a computer performance of the apparatus.
The network model may be, for example, a model based on a neural network. The
network model may be designed to simulate a human brain structure on a computer.
The network model may include a plurality of network nodes having weights that
simulate neurons in a human neural network. The plurality of network nodes may form
a connection relationship so that the neurons simulate synaptic activity through which
signals are transmitted and received through synapses. The network model may
include, for example, a neural network model or a deep learning model developed from
the neural network model. In the deep learning model, the plurality of network nodes
may be located at different depths (or layers) and transmit and receive data according
to a convolution connection relationship.

The network model may be trained through a deep neural network (DNN) method,
and may be implemented as an object detection model for identifying one or more
objects within the image for analysis of the image. Specifically, the network model
may use a convolutional neural network (CNN), a regional convolutional neural
network (RCNN), and the like, but is not limited thereto.

The processor 120 according to an embodiment may determine (analyze) the degree
of matching between one or more image frames and predetermined feature information
using the trained network model, and may also obtain a score that quantifies the degree
of matching.

It may also be assumed that the processor 120 trains the network model, and a
specific configuration of the processor 120 for training the network model and/or
analyzing the image using the network model is described below with reference to
FIGS. 8, 9a and 9b.
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The processor 120 may determine the degree of matching with predetermined feature
information on the plurality of image frames included in the video photographed by the
camera 110 by using the trained network model, and identify one or more image
frames having a relatively high degree of matching as the best image frame to provide
the best image frame to the user. For example, the processor 120 may control the
electronic apparatus 100 to display and/or store, as the best image frame, an image
frame having the largest degree of matching with the feature information of the smiling
person from among the plurality of image frames included in the photographed video.

Meanwhile, the network model may also be stored in the memory 130 of the
electronic apparatus 100 after being trained through one or more external devices, and
may also be trained by the processor 120 and stored in the memory 130.

In addition, if the network model is not stored in the electronic apparatus 100, but
stored in an external device, while only data for one or more image frames is
transmitted to the external device from the electronic apparatus 100, the result of the
network model determining the degree of matching between each image and the prede-
termined feature information may be received by the electronic apparatus 100 from the
external device.

However, in general, the user of the electronic apparatus 100, for example, the
smartphone, may not want a situation in which a personal image or video pho-
tographed through the smartphone is transmitted to an external device for the purpose
of identifying only the best image frame. In addition, the time required according to a
process of transmitting the data of the image frame from the electronic apparatus 100
to an external device and receiving the determination result by the electronic apparatus
100 again, and variables according to a communication status may not be ignored.

The location of training the trained network model may vary in various em-
bodiments. However, because the trained network model is stored in the memory 130
of the electronic device 100, a process of identifying the best image frame from among
the plurality of image frames included in the photographed video, that is, a process of
using the network model, may be directly performed in the electronic apparatus 100.

In the case in which the electronic apparatus 100 is a smartphone used by an in-
dividual or a PC used in a specific place, a technical operation to provide a suitable
best image frame may be performed at high speed, although an artificial intelligence
model stored in the memory 130 of the electronic apparatus 100 and the processor 120
have a limit on the speed at which each image frame is analyzed. Hereinafter, specific
related embodiments are described.

The processor 120 may acquire (obtain) the degree of matching by applying image
frames selected or obtained from the plurality of image frames to the trained network

model while the plurality of image frames are photographed by the camera 110. That
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is, the processor 120 may not analyze all of the plurality of image frames while the
plurality of image frames are captured, but may analyze some of the frames.

Specifically, the processor 120 may select image frames photographed at a prede-
termined time interval among the plurality of image frames, and acquire the degree of
matching for only the selected image frames.

In this case, the predetermined time interval may be determined according to a deter-
mination speed of the trained network model. As an example, the time interval may be
greater than or equal to the time it takes for the processor 120 to apply one image
frame to the network model to acquire the degree of matching.

FIG. 3 is a diagram illustrating an example of analyzing a selected image frame
among a plurality of image frames.

In FIG. 3, it is assumed by way of example that 10 image frames are photographed
for 330 msec in a video. In addition, in FIG. 3, it is assumed by way of example that
the time taken for the trained network model to determine the degree of matching
between one image frame and feature information is approximately 160 msec.

Referring to FIG. 3, as a result of considering the analysis speed of the network
model, it may be seen that only one image frame is analyzed for every five image
frames.

That is, the processor 120 may analyze only some of the plurality of image frames
according to the analysis speed of the network model, thereby roughly analyzing all
sections of the plurality of image frames according to a speed at which the plurality of
image frames are sequentially photographed.

The processor 120 may identify the representative image frame based on the acquired
degree of matching. Specifically, the processor 120 may acquire a score corresponding
to the degree of matching by applying the selected image frames to the trained network
model, and identify the representative image frame having the highest acquired score.
Alternatively, the processor 120 may identify the representative image frame having
the highest score among the image frames in which the acquired score is a prede-
termined threshold or more.

In this case, the threshold may be predetermined and/or may also be set according to
a user command received through a user interface of the electronic apparatus 100. For
example, if the user wants to be provided with an image of a friend laughing very
loudly, the user may set the threshold to be relatively high through the user interface of
the electronic apparatus 100.

In this case, the user interface includes a graphical user interface item such as a scroll
bar displayed on a display of the electronic apparatus 100, while the threshold may be
increased/decreased according to a user's touch or voice and the increased/decreased

result may be displayed as a position of the scroll bar. However, the user interface is
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not limited thereto.

In addition, the processor 120 may acquire the degree of matching by applying image
frames within a specific section including the identified representative image frame
among the plurality of image frames to the trained network model. In this case, the
processor 120 may identify the best image frame based on the acquired degree of
matching and provide the identified best image frame.

Specifically, the processor 120 may acquire a score corresponding to the degree of
matching by applying image frames within a specific section including the repre-
sentative image frame to the trained network model, and may identify the image frame
having the highest score among the acquired scores as the best image frame.

The specific section including the representative image frame may be predetermined.
For example, the specific section including the representative image frame may be a
section including image frames from an image frame photographed before the repre-
sentative image frame by a predetermined time or number of frames to an image frame
photographed after the representative image frame by a predetermined time or number
of frames.

Meanwhile, the processor 120 may acquire a plurality of image frames of low quality
by lowering the resolution of the plurality of image frames, and then use the same to
identify the specific section described above.

In this case, the processor 120 may identify the representative image frame of low
quality by applying image frames selected among the plurality of image frames of low
quality to the learned network model. In addition, the processor 120 may identify the
best image frame by applying image frames within the specific section including the
representative image frame corresponding to the representative image frame of low
quality among the plurality of image frames to the learned network model.

That is, the processor 120 may analyze the selected image frames with low quality in
a process of finding the specific section including the best image frame, and may
analyze each frame belonging to the corresponding section with higher quality than the
preceding process in a process of identifying the best image frame in the corresponding
section. As a result, the process of identifying the specific section including the best
image frame while photographing the plurality of image frames may be performed, a
relatively small number of image frames belonging to the identified section may be
precisely analyzed in high quality, and the best image frame may be provided ac-
curately and quickly as a high quality image.

However, the processor 120 may also find the specific section including the best
image frame by analyzing the selected image frames among the plurality of image
frames with low quality, and may also identify the best image frame by analyzing the

image frames included in the corresponding section with low quality.
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FIG. 4 is a diagram illustrating an example of finding a section including the best
image frame by analyzing at least a portion of a plurality of image frames of low
quality, and identifying the best image frame by analyzing frames included in the
section in high quality.

Referring to FIG. 4, when a photographing of a video, that is, a plurality of image
frames, is started through the camera (operation S401), the processor 120 may record
(operation S402) and store the plurality of image frames, that is, the video 451. In this
case, the plurality of image frames may be photographed in high quality, and the video
451 may also be a plurality of image frames of high quality.

In addition, while the plurality of image frames are photographed, the processor 120
may reduce the resolution of each image frame to acquire a plurality of image frames
452 of low quality or of lower quality than the plurality of image frames 451 of high
quality (operation S403).

In this case, at the same time the plurality of image frames are photographed, the
plurality of image frames 452 of low quality may be sequentially displayed on a
display of the electronic apparatus 100 and may be provided as a video, and as a result,
the user may check a scene being viewed by the user through the camera 110, that is, a
scene being photographed with a low quality.

In addition, the processor 120 may analyze selected image frames from among the
plurality of image frames of low quality using an event analyzer 410 (operation S404).
Specifically, while the plurality of image frames are photographed, the processor 120
may acquire, for each of the selected image frames, a score corresponding to the
degree of matching by sequentially applying the selected image frames to the trained
network model. The event analyzer 410 may be implemented as computer instructions
and/or circuits stored in the memory 130, and may be included in the processor 120 or
implemented separately from the processor 120 to be controlled.

In this case, the processor 120 may identify a frame having a score that is greater
than or equal to the threshold and is the highest among the selected image frames as a
representative image frame (of low quality). The processor 120 may acquire identi-
fication information of the representative image frame of low quality and/or a specific
section including the representative image frame of low quality, that is, tag data 453
(operation S405). Further, the processor 120 may not store or may delete all of the
image frames included in the remaining sections except the corresponding section,
among the plurality of image frames of low quality. Alternatively, the processor 120
may use the plurality of image frames of low quality to only acquire the tag data 453,
and may not store or may delete all of the plurality of image frames of low quality.

Referring to FIG. 4, the processor 120 applies the tag data 453 to a high quality
video, that is, a plurality of image frames of high quality 451, using a frame finder 420
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(operation S406), and may thus extract image frames (of high quality) 454 included in
a section corresponding to the tag data 453 (operation S407). In this case, the processor
120 may delete all the image frames of high quality except the corresponding section,
among the plurality of image frames of high quality 451. Meanwhile, the frame finder
420 may be implemented as computer instructions and/or circuits stored in the memory
130, and may be included in the processor 120 or implemented separately from the
processor 120 to be controlled.

In addition, the processor 120 applies and analyzes the image frames of high quality
454 to the network model using the event analyzer 410 (operation S408), and may then
identify a frame having the highest score from among the image frames 454 as the best
image frame 455. In addition, the processor 120 may control the electronic apparatus
100 to provide the best image frame 455.

Meanwhile, referring to FIG. 4, it may be confirmed that the operations of extracting
the image frames of high quality 454 using the tag data 453 and analyzing the
extracted image frames of high quality 454 are performed after the photographing of
the video is ended. However, if the tag data 453 is already acquired, the above-
described operations may be started even before the photographing of the video is
ended.

FIGS. 5a and 5b illustrate graphs illustrating an example of using a score of each
image frame determined through a network model to identify the section including the
best image frame and the best image frame.

FIG. 5a is a graph illustrating a process of identifying a section (e.g., high score
region) including the best image frame and FIG. 5b is a graph illustrating a process of
identifying the best image frame in the high score region. In FIGS. 5a and 5b, a
horizontal axis is the order in which each image frame is photographed, and a vertical
axis is a score acquired as a result of applying each image frame to the network model.

Referring to FIG. 5a, the processor 120 may acquire scores of image frames selected
from the plurality of image frames while simultaneously photographing the plurality of
image frames. In this case, the selected image frames may be image frames having a
lower resolution than at the time of photographing.

It is assumed in FIG. 5a that the selected image frames are one image frame per
every five image frames in the plurality of image frames, that is, the selected image
frames are the fifth, tenth, fifteenth, ... photographed image frames of the plurality of
image frames. It is understood, however, that this is only an example and the selected
image frames are not limited thereto.

Referring to FIG. 5a, when comparing the scores of the image frames of which the
scores of the selected image frames are higher than a threshold, because a score of a

40th photographed image frame is highest, the processor 120 may identify the 40th
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photographed image frame as a representative image frame. In addition, the processor
120 may identify a section from the 35th photographed image frame to the 45th pho-
tographed image frame based on the representative image frame as a specific section
(High Score Region) including the best image frame. However, in identifying the
specific section based on the representative image frame, a range of the section may be
variously predetermined.

Referring to FIG. 5b, the processor 120 may acquire each score by applying all
image frames included in the high score region to the network model. In addition, the
processor 120 may identify the 39th photographed image frame having the highest
score as the best image frame. In this case, the processor 120 may analyze all image
frames corresponding to the high score region in the same high quality as or corre-
sponding to that at the time of photographing. As an example, the 40th photographed
image frame is applied to the network model in FIG. 5a and to the network model in
FIG. 5b, but may be applied in low quality in FIG. 5a and in high quality in FIG. 5b.

Meanwhile, the electronic apparatus 100 may provide a plurality of best image
frames in one video photographing.

Here, the processor 120 may divide the plurality of image frames into a plurality of
events based on the degree of matching of the selected image frames. In addition, the
processor 120 may identify and provide the best image frame for each of the plurality
of events. For example, while a video is being photographed, if a certain person in the
video smiles, stops smiling, and then smiles again, the processor 120 may identify one
best image frame among image frames corresponding to the moment of firstly smiling,
and identify another best image frame among image frames corresponding to the
moment of smiling again. Meanwhile, in the above-described example, although both
events correspond to the same feature information (smiling person), the plurality of
events may correspond to different feature information.

Specifically, when a score corresponding to the degree of matching of a first image
frame from among the selected image frames is greater than or equal to a prede-
termined threshold, a score corresponding to the degree of matching of a second image
frame photographed after the first image frame is less than the predetermined
threshold, and a score corresponding to the degree of matching of a third image frame
photographed after the second image frame is greater than or equal to the prede-
termined threshold, the processor 120 may determine that the first image frame and the
third image frame correspond to different events.

FIGS. 6a to 6¢ are graphs illustrating an example in which a plurality of best image
frames are provided as a result of the plurality of image frames including a plurality of
events.

FIG. 6a illustrates a score acquired as a result of applying the selected image frames
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among the plurality of image frames to the network model. A horizontal axis is the
order in which each image frame is photographed, and a vertical axis is the score of
each image frame.

Referring to FIG. 6a, it may be seen that a first high score region in which a score
exceeds the threshold is identified near the 30th photographed image frame, the scores
of the image frames photographed thereafter are less than the threshold, and a second
high score region in which a score exceeds the threshold is identified near the 95th
photographed image frame.

In addition, referring to FIG. 6b, as a result of analyzing the image frames belonging
to the first high score region of high quality, a first best image frame having the highest
score among the analyzed image frames may be identified.

In addition, referring to FIG. 6c, as a result of analyzing the image frames belonging
to the second high score region of high quality, a second best image frame having the
highest score among the analyzed image frames may be identified.

Meanwhile, when the predetermined number of events is identified, the processor
120 may control the camera 110 to end the photographing of the video. However, the
end of the photographing of the video is not limited thereto. For example, the processor
120 may control the camera 110 to end the photographing of the video when a user
command for ending the photographing is received or the photographing time of the
video exceeds the predetermined time. In addition, the processor 120 may also control
the camera 110 to end the photographing of the video when the number of frames of
the plurality of image frames included in the photographed video exceeds a prede-
termined number.

Meanwhile, the processor 120 may delete image frames before the first image frame
among the plurality of image frames when the score corresponding to the degree of
matching of the first image frame among the selected image frames is less than the pre-
determined threshold, and identity the first image frame as the representative image
frame when the score of the first image frame is greater than or equal to the prede-
termined threshold.

In this case, when the score of the first image frame is greater than or equal to the
predetermined threshold and the score corresponding to the degree of matching of the
second image frame following the first image frame among the selected image frames
is greater than the score of the first image frame, the processor 120 may delete the
image frames before the first image frame among the plurality of image frames and
identify the second image frame as the representative image {rame.

In this regard, FIGS. 7a to 7f are graphs illustrating an example of a specific process
for finding a section including the best image frame in real time while the plurality of

image frames constituting a video are photographed. In FIGS. 7a to 7f, frames that are
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sequentially analyzed are not all of the plurality of image frames, but selected image
frames among the plurality of image frames.

It is assumed in FIGS. 7a to 7f that the range of the specific section (high score
region) including the best image frame is determined based on two image frames pho-
tographed at the time most similar to the representative image frame (the image frame
having the highest score among the selected image frames) among the image frames
selected from the plurality of image frames.

Specifically, FIGS. 7a to 7f illustrate an example of an algorithm of finding a max
score frame 702 among the selected frames, a start point frame 701 photographed at
the time most similar to the max score frame 702 among the frames photographed
before the max score frame 702, and an ending point frame 703 photographed at the
time most similar to the max score frame 702 among the frames photographed after the
max score frame 702.

Referring to FIG. 7a, the processor 120 may sequentially analyze the selected image
frames according to the photographing order. In this case, as long as there is no image
frame corresponding to the max score frame 702, image frames before the image
frames whose scores do not reach a threshold level may not be stored at all or deleted
even if they are stored.

If an image frame having a score that firstly exceeds the threshold level comes out
(e.g., is captured or determined), the processor 120 may designate the corresponding
image frame as the max score frame 702 and designate an image frame immediately
before the corresponding image frame as the start point frame 701. In this case, if an
image frame following the max score frame 702 is an image frame having a score that
is less than that of the max score frame 702, the processor 120 may designate the
image frame following the max score frame 702 as an end point frame 703.

However, if an image frame having a score greater than that of the max score frame
702 comes out after the max score frame 702, the processor 120 may newly designate
the image frame having the greater score as the max score frame 702 and designate the
image frame immediately before the max score frame 702 as the start point frame 701,
as illustrated in FIG. 7b. In addition, if the image frame following the max score frame
702 is an image frame having a score that is less than that of the max score frame 702,
the processor 120 may designate the image frame following the max score frame 702
as the end point frame 703.

Referring to FIGS. 7c to 7f, as a result of performing the above-described process for
all of the selected image frames according to the photographing order of the selected
image frames, the high score region may be identified based on the start point frame
701 and the end point frame 703 that are finally designated. As a result, the processor
120 may identify and provide the best image frame by applying all of the image frames
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included in the high score region from among the plurality of image frames to the
network model in high quality.

Meanwhile, if the image frame having a score that is less than the threshold level
comes out and the image frame having a score that is greater than or equal to the
threshold level newly comes out in a state in which the start point frame 701 and the
max score frame 702 are designated, the above-described processes may be repeated
through FIGS. 7a to 7f to designate a new max score frame, a start point frame, and an
end point frame included in an event separate from the previously designated max
score frame 702.

Meanwhile, although the above-described embodiments discloses that only the
selected image frames of the plurality of image frames are applied to the network
model in the process of identifying the representative image frame, it is understood that
one or more other embodiments are not limited thereto. For example, according to
another embodiment, all of the plurality of image frames of low quality to the network
model to identify the representative image frame.

FIG. 8 is a block diagram illustrating an example of a configuration of the processor
120 for training an artificial intelligence model and/or using a learned artificial in-
telligence model.

Referring to FIG. 8, the processor 120 may include a data learner 8§10 and a data
recognizer 820. According to another embodiment, the processor 120 may not include
the data learner 810 and may include the data recognizer §20.

The data learner 810 (e.g., data trainer) may generate or train a network model to
have a criterion for determining a predetermined situation (e.g., determining which
feature information an input image matches primarily, how much is matched, and the
like). The data learner 810 may generate a network model having a determination
criterion by applying training data to the network model in order to determine the pre-
determined situation.

As an example, the data learner 810 may generate or train the network model using
the feature information and the training data related to the plurality of images.

The data recognizer 820 may determine the situation based on recognition data. The
data learner 820 may determine the situation from predetermined recognition data by
using the learned network model. The data recognizer 820 may acquire the prede-
termined recognition data according to a predetermined criterion, and may determine
(or estimate) the predetermined situation based on the predetermined recognition data
by applying the acquired recognition data as an input value to the network model.

In addition, a resulting value output by applying the acquired recognition data to the
network model as the input value may be used to update the network model.

As an example, the data recognizer 820 may acquire a determination result of which
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feature information the image corresponds to and/or the degree of matching to the cor-
responding feature information, by applying the recognition data related to one or more
images to the network model as an input value.

At least a portion of the data learner 810 and at least a portion of the data recognizer
820 may be implemented as a software module or manufactured (or provided) in the
form of at least one hardware chip and mounted in the electronic apparatus 100. For
example, at least one of the data learner 8§10 or the data recognizer 820 may also be
manufactured or provided in the form of a dedicated hardware chip for artificial in-
telligence (AI), or may be manufactured or provided as a portion of a related art
general purpose processor (e.g., CPU or application processor) or a graphic dedicated
processor (e.g., GPU) and mounted in the electronic apparatus 100. In this case, the
dedicated hardware chip for artificial intelligence is a dedicated processor specialized
in a probability calculation, and has higher parallel processing performance than the
related art general purpose processor, so it may quickly process calculation operations
in an artificial intelligence field such as machine learning. When the data learner 810
and the data recognizer 820 are implemented as a software module (or a program
module including instructions), the software module may be stored in a non-transitory
computer readable medium. In this case, the software module may be provided by an
operating system (OS), or may be provided by a predetermined application. Alter-
natively, some of the software modules may be provided by the operating system (OS),
and the remaining of the software modules may be provided by the predetermined ap-
plication.

The data learner 810 and the data recognizer 820 may be mounted in the electronic
apparatus 100 or may be mounted in the electronic apparatus 100 and an external
device, respectively. For example, one of the data learner 8§10 and the data recognizer
820 may be included in the electronic apparatus 100, and the other may be included in
an external server. In addition, the data learner 810 and the data recognizer 820 may
also provide model information constructed by the data learner 810 to the data
recognizer 820 by a wired or wireless line, and the data input to the data recognizer
820 may also be provided to the data learner 810 as additional training data.

FIGS. 9a and 9b are block diagrams illustrating in more detail configurations of the
data learner 810 and the data recognizer 820 included in the processor 120 in FIG. 8.

FIG. 9a is a block diagram illustrating an example of a configuration of the data
learner 810. Referring to FIG. 9a, the data learner 8§10 may include a data acquirer 811
and a model learner 814 (e.g., model trainer). In addition, the data learner 810 may se-
lectively further include at least one of a pre-processor 812, a learning data selector
813 (e.g., training data selector), or a model evaluator 815.

The data acquirer 811 may acquire data for (e.g., necessary for) training for situation
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facturer of the electronic apparatus 100. As an example, the training data may be data
about one or more predetermined feature information and a plurality of images.

The model learner 814 may train the network model to have a determination criterion
regarding how the network model determines a predetermined situation using the
training data. For example, the model learner 8§14 may train the network model through
supervised training using at least a portion of the training data as the determination
criterion. Alternatively, the model learner 814 may train the network model through
unsupervised training of finding the determination criterion for determining a situation
by performing self-training using the training data without any supervision, for
example.

In addition, the network model may be trained on a selection criterion about what
training data to use for situation determination through the model learner 814. For
example, in order to determine the degree of matching between each feature in-
formation and the image, the criterion for which attribute of the image should be
mainly used for each feature information may be trained.

When the network model is trained through the supervised model, as a determination
criterion, resources that are analysis targets and execution resources for executing a
specific function may be added as training data.

Meanwhile, the network model may be a model that is previously built and updated
by training of the model learner 814. In this case, the network model may be built in
advance by receiving basic training data (e.g., a sample image or the like).

According to various embodiments, when there are a plurality of pre-built network
models, the model learner 814 may determine a network model having a great relation
between the input training data and the basic training data as the network model to be
trained. In this case, the basic training data may be pre-classified for each type of data,
and the network model may be pre-built for each type of data. For example, the basic
training data may be a plurality of images classified as training targets for each feature
information.

In addition, the model learner 814 may train the network model using a training
algorithm or the like including, for example, error back-propagation or gradient
descent.

In addition, the model learner 8§14 may train the network model through rein-
forcement training using a feedback as to whether a result of the situation deter-
mination according to the training is correct, for example.

In addition, when the network model is trained, the model learner 8§14 may store the

trained network model. In this case, the model learner 8§14 may store the trained
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network model in the memory 130 of the electronic apparatus 100. Alternatively, the
model learner 8§14 may store the trained network model in a memory of a server
connected to the electronic apparatus 100 via a wired or wireless network.

The data learner 810 may further include a pre-processor 812 and a learning data
selector 813 (e.g., training data selector) to improve a recognition result of the network
model or to save resources or time required for generation of the network model.

The pre-processor 8§12 may pre-process the data acquired by the data acquirer 811 for
use in training for situation determination.

For example, the pre-processor 812 may process the acquired data into a predefined
format so that the model learner 814 may easily use the data for training the network
model. Here, the pre-processor 8§12 may process the video data acquired by the data
acquirer 811 into video data of a predetermined format. The preprocessed data may be
provided to the model learner 814 as the training data.

Alternatively, the learning data selector 813 may selectively select training data for
(e.g., necessary for) training from the preprocessed data. The selected training data
may be provided to the model learner 814. The learning data selector 8§13 may select
training data for (e.g., necessary for) training among the preprocessed data according
to a predetermined selection criterion. In addition, the training data selector 813 may
also select the training data for (e.g., necessary for) training according to a selection
criterion predetermined by the model learner 814. By way of example, the learning
data selector 813 may select only an area including a person except a background from
the input video data.

The data learner 810 may further include the model evaluator 815 to improve the
recognition result of the network model.

The model evaluator 8§15 may input evaluation data to the network model and may
cause the model learner 814 to train again when the recognition result outputted from
the evaluation data does not satisfy a predetermined criterion. In this case, the
evaluation data may be predefined data for evaluating the network model.

For example, when the number or ratio of the evaluation data in which the
recognition result is not correct among the recognition results of the trained recognition
model for the evaluation data exceeds a predetermined threshold value, the model
evaluator 815 may evaluate or determine that the predetermined criterion is not
satisfied. For example, in a case in which the predetermined criterion is defined as a
ratio of 2%, if the trained network model outputs incorrect recognition results for more
than 20 evaluation data among a total of 1000 evaluation data, the model evaluator 8§15
may evaluate or determine that the trained network model is not suitable.

Meanwhile, when a plurality of trained network models exist, the model evaluator

815 may evaluate whether each of the trained network models satisfies the prede-
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termined criterion, and determine a model that satisfies the predetermined criterion as a
final network model. In this case, when a plurality of models that satisfy the prede-
termined criterion exist, the model evaluator 8§15 may determine any one or a prede-
termined number of models that are previously set in descending order of evaluation
score as the final network model.

At least one of the data acquirer 811, the pre-processor 812, the learning data selector
813, the model learner 8§14, and the model evaluator 815 described above may be im-
plemented as a software module or manufactured (or provided) in the form of at least
one hardware chip and mounted in the electronic apparatus 100. For example, at least
one of the data acquirer 811, the pre-processor 812, the learning data selector 813, the
model learner 8§14, or the model evaluator 815 may also be manufactured or provided
in the form of a dedicated hardware chip for artificial intelligence (Al), or may be man-
ufactured as a portion of an existing general purpose processor (e.g., CPU or ap-
plication processor) or a graphic dedicated processor (e.g., GPU) and mounted in a
variety of electronic apparatuses described above.

In addition, the data acquirer 811, the pre-processor 812, the learning data selector
813, the model learner 8§14, and the model evaluator 815 may also be mounted in one
electronic apparatus 100, or may be mounted in separate electronic apparatuses, re-
spectively. For example, some of the data acquirer 811, the pre-processor 8§12, the
learning data selector 813, the model learner 814, and the model evaluator 8§15 may be
included in the electronic apparatus 100, and the remaining may be included in the
server.

In addition, at least one of the data acquirer 811, the pre-processor 812, the learning
data selector 813, the model learner 814, or the model evaluator 815 may be im-
plemented as a software module. When at least one of the data acquirer 811, the pre-
processor 812, the learning data selector 8§13, the model learner 814, or the model
evaluator 815 is implemented as the software module (or a program module including
instructions), the software module may be stored in a non-transitory computer readable
medium. In addition, in this case, at least one software module may be provided by an
operating system (OS), or may be provided by a predetermined application. Alter-
natively, some of at least one software module may be provided by the operating
system (OS), and the remaining of the software module may be provided by the prede-
termined application.

FIG. 9b is a block diagram illustrating an example of a configuration of the data
recognizer 820 according to an embodiment. Referring to FIG. 9b, the data recognizer
820 may include a data acquirer 821 and a recognition result provider 824. In addition,
the data recognizer 820 may selectively further include at least one of a pre-processor

822, a recognition data selector 823, or a model updater §25.
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The data acquirer 821 may acquire data for (e.g., necessary for) situation deter-
mination.

The recognition result provider 8§24 may determine a situation by applying the data
acquired by the data acquirer 821 to the learned network model as an input value. The
recognition result provider 824 may provide a recognition result according to a
recognition purpose of the data. For example, when the acquired data is a specific
image, the recognition result provider 824 may provide a result of determining the cor-
responding image matches to which feature information among the predetermined
feature information or how much the corresponding image matches thereto.

The recognition result provider 8§24 may provide a recognition result acquired by
applying data that is pre-processed by a pre-processor 822 (described below) to the
trained network model as an input value. Alternatively, the recognition result provider
824 may provide the recognition result by applying data selected by a recognition data
selector 823 (described below) to the network model as an input value.

The data recognizer 820 may further include a pre-processor 822 and a recognition
data selector 823 to improve the recognition result of the network model or to save
resources or time for (e.g., required for) providing the recognition result.

The pre-processor 8§22 may pre-process the data acquired by the data acquirer 821 for
use in recognizing for situation determination.

The pre-processor 8§22 may process the acquired data into a predefined format so that
the recognition result provider 824 may easily use the data for situation determination.
In particular, according to an embodiment, the data acquirer 821 may acquire video
data to determine the degree of matching with the feature information, and the pre-
processor 822 may pre-process the video data into the predefined format.

The recognition data selector 823 may select recognition data for (e.g., necessary for)
situation determination among the pre-processed data. The selected recognition data
may be provided to the recognition result provider 824. The recognition data selector
823 may select recognition data for (e.g., necessary for) situation determination among
the pre-processed data according to a predetermined selection criterion. In addition, the
recognition data selector 823 may also select the data according to a predetermined
selection criterion by training by the model learner 814.

The model updater 825 may control the network model to be updated based on the
evaluation for the recognition result provided by the recognition result provider 824.
For example, the model updater 825 may control the model learner 8§14 to update the
network model by providing the recognition result provided by the recognition result
provider 824 to the model learner §14.

At least one of the data acquirer 821, the pre-processor 822, the recognition data

selector 823, the recognition result provider 824, or the model updater 825 in the data
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recognizer 820 described above may be implemented as a software module or manu-
factured (or provided) in the form of at least one hardware chip and mounted in the
electronic apparatus 100. For example, at least one of the data acquirer 821, the pre-
processor 822, the recognition data selector 823, the recognition result provider 824, or
the model updater 825 may also be manufactured in the form of a dedicated hardware
chip for artificial intelligence (Al), or may be manufactured as a portion of a related art
general purpose processor (e.g., CPU or application processor) or a graphic dedicated
processor (e.g., GPU) and mounted in a variety of electronic apparatuses described
above.

In addition, the data acquirer 821, the pre-processor 822, the recognition data selector
823, the recognition result provider 824, and the model updater 825 may also be
mounted in one electronic apparatus 100, or may also be mounted in separate
electronic apparatuses, respectively. For example, some of the data acquirer 821, the
pre-processor 822, the recognition data selector 823, the recognition result provider
824, and the model updater 825 may be included in the electronic apparatus 100, and
the remaining may be included in the server.

In addition, at least one of the data acquirer 821, the pre-processor 8§22, the
recognition data selector 823, the recognition result provider 824, or the model updater
825 may be implemented as a software module. When at least one of the data acquirer
821, the pre-processor 822, the recognition data selector 823, the recognition result
provider 824, or the model updater 825 is implemented as the software module (or a
program module including instructions), the software module may be stored in a non-
transitory computer readable medium. In addition, in this case, at least one software
module may be provided by an operating system (OS), or may be provided by a prede-
termined application. Alternatively, some of at least one software module may be
provided by the operating system (OS), and the remaining of the software module may
be provided by the predetermined application.

FIG. 10 is a block diagram illustrating a detailed configuration of the electronic
apparatus 100 according an embodiment.

Referring to FIG. 10, the electronic apparatus 100 may further include at least one of
a communicator 140, an input/output port 150, a user inputter 160, a display 170, or a
voice outputter 180, in addition to the camera 110, the processor 120, and the memory
130.

The communicator 140 is configured to perform data communication with an
external device by wireless and/or wired line. The processor 120 may perform commu-
nication with various external devices using the communicator 140.

When the data communication is performed with the external device using a wireless

communication method, the communicator 140 may include at least one of a Wi-Fi
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direction communication module (e.g., interface, circuitry, etc.), a Bluetooth module,
an infrared data association (IrDA) module, a near field communication (NFC)
module, a Zigbee module, a cellular communication module, a 3rd generation (3G)
mobile communication module, a 4th generation (4G) mobile communication module,
or a 4th generation Long Term Evolution (LTE) communication module.

When the data communication is performed with the external device using a wired
communication method, the communicator 140 may be connected to a coaxial cable,
an optical fiber cable, or the like to transmit and receive various data by performing
local area network (LAN) communication.

The processor 120 may transmit and receive data with respect to one or more images
or videos with an external device through the communicator 140.

The electronic apparatus 100 may receive data for the plurality of image frames from
the outside through the communicator 140, and identify the best image frame from
among the plurality of image frames. In addition, the electronic apparatus 100 may
also transmit data for the best image frame to an external device through the com-
municator 140.

For example, when the electronic apparatus 100 is implemented as a mobile phone or
a smartphone to communicate with an external device that is a server through the com-
municator 140, the electronic apparatus 100 may receive video data including one or
more image frames from the external device that is the server, and may also identify
the best image frame among the plurality of image frames included in the corre-
sponding video.

Meanwhile, the communicator 140 may separately include a first communicator for
transmitting and receiving data with a remote control device for controlling the
electronic apparatus 100 and a second communicator for transmitting and receiving
data with an external server. In this case, the first communicator may be implemented
as an Ethernet modem, a Wi-Fi module, a Bluetooth module, an Infrared receiver, an
RF receiver, or the like, while the second communicator may also be implemented as a
separate Wi-Fi module or an Ethernet module.

The electronic apparatus 100 may receive a signal/data for an image from the outside
or transmit data/signal for the image to the outside through the input/output port 150.

To this end, the input/output port 150 may be implemented as a wired port such as an
HDMI port, a display port, an RGB port, a VGA port, a digital visual interface (DVI)
port, a thunderbolt and a component port, or the like.

The input/output port 150 may be implemented as the HDMI port or the thunderbolt
to transmit image and voice signals together, but may also have a first port for
transmitting the image signal and a second port for transmitting the voice signal that

are separately implemented.
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The input/output port 150 may include an interface module such as universal serial
bus (USB), and may be physically connected to an external terminal device such as a
PC through such an interface module to transmit and receive voice or image data or to
transmit and receive firmware data for performing a firmware upgrade.

The electronic apparatus 100 may receive data for the plurality of image frames from
the outside through the input/output port 150, and identify the best image frame among
the plurality of image frames. In addition, the electronic apparatus 100 may also
transmit data for the best image frame to an external device through the input/output
port 150.

Meanwhile, as described above, in the case in which the data for the video, that is,
the data for the plurality of image frames, may be received from the outside through
the communicator 140 or the input/output port 150, even if the electronic apparatus
100 does not directly photograph the plurality of image frames, the electronic
apparatus 100 may acquire the data for the plurality of image frames, and therefore,
unlike FIG. 2, the electronic apparatus 100 may not include the camera 110. In
addition, the same applies to a case in which the electronic apparatus 100 includes a
broadcast receiver. This may correspond to a case in which a user photographs a video
through a camera provided in an external device that is wired/wirelessly connected to
the electronic apparatus 100.

The user inputter 160 is a component that enables the electronic apparatus 100 to
receive a user input including a command or information from the user.

The electronic apparatus 100 may receive a user input for starting or ending the pho-
tographing of the video through the user inputter 160. In addition, the electronic
apparatus 100 may also receive a user input for adjusting a threshold to be compared
with the scores of selected image frames, through the user inputter 160.

The user inputter 160 may also include one or more buttons, a keyboard, a mouse,
and the like for receiving the user input. The user inputter 160 may include a touch
panel or a separate touch pad implemented together with the display 170 to receive the
user input in a touch form.

The user inputter 160 may also include a microphone to receive a user input corre-
sponding to the command for starting/ending the photographing by voice.

The display 170 is a component for displaying one or more images under the control
of the processor 120. To this end, the display 170 may be implemented as a liquid
crystal display (LCD), a plasma display panel (PDP), organic light emitting diodes
(OLED), a transparent OLED (TOLED), or the like. When the display 170 is im-
plemented as the LCD, the display 170 also includes a driving circuit, a backlight unit,
and the like, which may be implemented in the form of an a-si thin film transistor
(TFT), a low temperature poly silicon (LTPS) TFT, an organic TFT (OTFT), or the
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including a touch panel capable of detecting a touch manipulation of the user. In this
case, the display 170 may be considered to be included in the user inputter 160.

The processor 120 may control the display 170 to display the photographed video
while simultaneously photographing the video through the camera 110. Specifically,
the processor 120 may control the display 170 to display a low quality video having a
lower resolution of the photographed video (a plurality of image frames).

In addition, the processor 120 may control the display 170 to display one or more
best image frames identified among the plurality of image frames.

The voice outputter 180 is a component for outputting a specific voice under the
control of the processor 120. The voice outputter 180 may be implemented as a
speaker 190 and/or a headphone/earphone output terminal.

The processor 120 may control the voice outputter 180 to provide a guide for video
photographing in a voice form.

Hereinafter, a controlling method of an electronic apparatus according to one or more
embodiments will be described with reference to FIGS. 11 to 14.

FIG. 11 is a flowchart illustrating a controlling method of an electronic apparatus
according to an embodiment. The electronic apparatus may include a memory in which
a network model trained to determine a degree of matching between an input image
frame and predetermined feature information is stored when the image frame is input.

Referring to FIG. 11, according to the controlling method, while a plurality of image
frames are photographed by a camera, a representative image frame may be identified
based on a degree of matching acquired by applying image frames selected among the
plurality of image frames to a trained network model (operation S1110). In this case,
the selected image frames may be image frames photographed at constant time
intervals determined based on a determination speed of the trained network model.
However, the selected image frames are not limited thereto and the time interval may
not be constant in one or more other embodiments. It is understood, however, that all
of the plurality of image frames may not be analyzed (applied to the network model) in
operation S1110.

Specifically, a score corresponding to the degree of matching may be acquired by
applying the selected image frames to the trained network model, and the repre-
sentative image frame having the highest score may be identified among the image
frames in which the acquired score is a predetermined threshold or more.

In addition, the best image frame may be identified based on the degree of matching
acquired by applying image frames within a specific section including the identified

representative image frame among the plurality of image frames to the trained network
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model (operation S1120).

Specifically, a score corresponding to the degree of matching may be acquired by
applying the image frames within the above-described specific section including the
representative image frame to the trained network model, and the best image frame
having the highest score among the acquired scores may be identified.

In addition, the identified best image frame may be provided (operation S1130). In
this case, the best image frame may be stored in a memory of the electronic apparatus,
data for the best image frame may be transmitted to an external device, or the best
image frame may be displayed.

Meanwhile, in FIG. 11, the process (operation S1110) of identifying the repre-
sentative image frame may be performed in a low quality analysis, and the process
(operation S1120) of identifying the best image frame may be performed in a high
quality analysis as compared to the process (operation S1110).

In this regard, FIG. 12 is a flowchart illustrating an example for finding a section
including the best image frame by analyzing the plurality of image frames in low
quality.

Referring to FIG. 12, according to the controlling method, a plurality of image
frames of low quality may be acquired by lowering resolution of the plurality of image
frames (operation S1210). In this case, the plurality of image frames of low quality
may be displayed at the same time as the acquisition and provided as a video.

In addition, a representative image frame of low quality may be identified by
applying image frames selected among the plurality of image frames of low quality to
the trained network model (operation S1220). In this case, the selected image frames
may be image frames selected at time intervals determined according to a deter-
mination speed of the network model.

In addition, the best image frame may be identified by applying image frames within
a specific section including the representative image frame corresponding to the repre-
sentative image frame of low quality among the plurality of image frames to the
trained network model (operation S1230). In this case, the image frames within the
section including the representative image frame may be higher quality than the
plurality of image frames of low quality. In addition, the finally identified best image
frame may also be higher quality than the plurality of image frames of low quality.

Meanwhile, the process (operation S1110) of identifying the representative image
frame in FIG. 11 may include the following operations.

Specifically, when a score corresponding to a degree of matching of a first image
frame among the selected image frames is less than the predetermined threshold, image
frames before the first image frame among the plurality of image frames may be

deleted. Meanwhile, when the score of the first image frame is greater than or equal to
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the predetermined threshold, the first image frame may be identified as the repre-
sentative image frame.

In this case, when the score of the first image frame is greater than or equal to the
predetermined threshold and a score corresponding to a degree of matching of a second
image frame following the first image frame from among the selected image frames is
greater than the score of the first image frame, the image frames before the first image
frame among the plurality of image frames may be deleted and the second image frame
may be identified as the representative image frame.

In this regard, FIG. 13 illustrates an algorithm illustrating an example of a specific
process of identifying the representative image frame (max score frame) among the
selected image frames by analyzing the selected image frames in real time while the
plurality of image frames constituting the video are photographed, and finding a
section including the best image frame based on the representative image frame.

Referring to FIG. 13, a score may be acquired by first applying an i-th (fromi=1)
photographed image frame to the network model (operations S1305 and S1310).

If the score of the i-th image frame is greater than the threshold (Y in S1315), the i-th
image frame may be stored (S1330). In this case, tag data of the i-th image frame may
also be stored.

In addition, it may be identified whether the score of the i-th image frame is the
largest among the stored frames (operation S1335).

If the score of the i-th image frame is the largest (Y in operation S1335), the i-th
image frame may be designated as the max score frame, and an 'T - n'-th image frame
may be stored as a starting point (operation S1340). However, when the i-th image
frame is a first image frame to be analyzed among the selected frames (in FIG. 13,
wheni= 1), the 1 - n'-th image frame does not exist and therefore, it is only necessary
to designate the i-th image frame as the max score frame.

If the score of the i-th image frame is not the largest (N in operation S1335), it may
be identified whether the T - n'- th image frame is the max score frame (operation
S1345). In this case, if the 'i - n'-th image frame is currently the max score frame (Y in
operation S1345), the i-th frame may be designated as an ending point (operation
S1350). On the other hand, if the i - n'-th image frame is not currently the max score
frame (N in operation S1345), the stored i-th frame may be deleted (operation S1355).
In this case, the tag data for the i-th frame may be deleted.

As such, if one of N in operations S1315, S1340, S1355, and S1350 is performed for
the i-th image frame, the above-described processes may be performed on an ‘i + n'-th
image frame that is an image frame photographed after the i-th image frame among the
selected image frames (operations S1320 - S1325 - S1310 - ~~~). However, when the
order of the last photographed image frame is smaller than 1 + n' (Y in S1325), that is,
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when the photographing is ended, the analysis of the selected image frames may be
ended. In this case, 'n' may be a predetermined number of frames according to an
analysis speed of the network model and a photographing interval of the plurality of
image frames. For example, in the case of FIG. 3 described above, 'n'is '5".

When the starting point and the ending point are finally determined through the
processes as illustrated in FIG. 13, the best image frame may be identified by
analyzing all the image frames within a section set based on the starting point and the
ending point.

It is understood, however, that the operation of identifying the section to which the
best image frame belongs is not limited to the embodiment of FIG. 13 using the
starting point and the ending point before and after the max score frame, but various al-
gorithms may be used.

Meanwhile, in the controlling method, the plurality of images may be divided into a
plurality of events based on the degree of matching of the selected image frames, and
the best image frame may also be identified for each of the plurality of divided events.

In this case, when a score corresponding to the degree of matching of a first image
frame among the selected image frames is a predetermined threshold or more, a score
corresponding to the degree of matching of a second image frame photographed after
the first image frame is less than the predetermined threshold, and a score corre-
sponding to the degree of matching of a third image frame photographed after the
second image frame is the predetermined threshold or more, it may be determined that
the first image frame and the third image frame correspond to different events.

Meanwhile, unlike FIG. 13 in which only the process of identifying the section
including the best image frame is described specifically, FIG. 14 is an algorism il-
lustrating an example of an entire process from a starting of photographing of the video
to providing of the best image frame.

Referring to FIG. 14, when photographing of the video starts (operation S1410),
recording of the video is performed (operation S1420). Specifically, a plurality of
image frames included in the video may be stored, and in this case, the user may not be
notified that the recording of the image is performed. In this case, a plurality of image
frames of a photographed high quality video that is recorded and a plurality of image
frames of low quality having resolution lower than the high quality video may also be
separately stored.

In addition, a scene analysis for the video may be performed (operation S1430).
Specifically, a score indicating a degree to which each of the selected image frames
matches the feature information may be acquired by applying the selected image
frames of the plurality of image frames to the network model. In this case, the selected

image frames may be image frames of low quality.
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Such a process (operation S1430) may be sequentially performed for each of the
selected image frames in the photographing order until the photographing is ended
(operation S1450).

Meanwhile, as a result of acquiring the score of each of the selected image frames,
tag data according to the score may be generated (operation S1440). In this case, the
tag data may include identification information of the representative image frame
having the highest score (when the score is larger than the threshold) among the
selected image frames.

In addition, frames included in a specific section may be identified according to the
tag data (operation S1460). Specifically, among the plurality of image frames included
in the recorded (high quality) image, image frames belonging to a section including the
representative image frame corresponding to the tag data may be identified.

Thereafter, image frames having a shaking degree less than a predetermined value
are analyzed among the identified image frames (operations S1470 and S1480), and
the best image frame having the largest score among the analyzed image frames may
be identified and provided (operation S1490).

Meanwhile, the controlling method of the electronic apparatus described above with
reference to FIGS. 11 to 14 may be implemented through the electronic device 100 il-
lustrated and described with reference to FIGS. 2 to 4, 5a, 5b, 6a to 6¢, 7a to 7f, 8, 9a,
9b, and 10. Alternatively, the controlling method of the electronic apparatus may also
be implemented through a system including the electronic apparatus and one or more
external devices.

Meanwhile, one or more embodiments may be implemented in a computer or a
computer readable recording medium using software, hardware, or a combination of
software and hardware.

According to a hardware implementation, one or more embodiments may be im-
plemented using at least one of application specific integrated circuits (ASICs), digital
signal processors (DSPs), digital signal processing devices (DSPDs), programmable
logic devices (PLDs), field programmable gate arrays (FPGAs), processors, con-
trollers, micro-controllers, microprocessors, or electric units for performing other
functions.

In some cases, one or more embodiments may be implemented as the processor 120
itself. According to a software implementation, procedures and functions described
above may be implemented as separate software modules. Each of the software
modules described above may perform one or more functions and operations described
in the disclosure.

Meanwhile, computer instructions for performing processing operations of the

electronic apparatus according to one or more embodiments may be stored in a non-
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transitory computer readable medium. The computer instructions stored in the non-
transitory computer readable medium allow a specific device to perform the processing
operations of the electronic apparatus according to one or more embodiments when
being executed by a processor of the specific device.

[257] The non-transitory computer readable medium is not a medium that stores data for a
short time such as a register, a cache, a memory, or the like, but refers to a machine
readable medium that semi-permanently stores data. Specifically, various applications
or programs described above may be stored and provided in the non-transitory
computer readable medium such as a compact disk (CD), a digital versatile disk
(DVD), a hard disk, a Blu-ray disk, a universal serial bus (USB), a memory card, a
read only memory (ROM), or the like.

[258] Although embodiments of the disclosure are illustrated and described hereinabove,
the disclosure is not limited to the abovementioned specific embodiments, but may be
variously modified by those skilled in the art to which the disclosure pertains without
departing from the scope and spirit of the inventive concept(s) as claimed at least in the
claims. These modifications should also be understood to fall within the scope of the

disclosure.
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[Claim 3]
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Claims

An electronic apparatus comprising:

a camera;

a processor configured to control the camera; and

a memory configured to be electrically connected to the processor and
to store a network model trained to determine a degree of matching
between an input image frame and predetermined feature information,
wherein the memory stores at least one instruction, and

wherein the processor is configured, by executing the at least one in-
struction, to:

identify a representative image frame based on a degree of matching
obtained by applying image frames, selected from among a plurality of
image frames, to the trained network model, while the plurality of
image frames are captured through the camera,

identify a best image frame based on a degree of matching obtained by
applying image frames within a specific section including the identified
representative image frame, to the trained network model, from among
the plurality of image frames, and

provide the identified best image frame.

The electronic apparatus as claimed in claim 1, wherein:

the selected image frames include image frames captured at a constant
time interval among the plurality of image frames; and

the constant time interval is determined based on a determination speed
of the trained network model.

The electronic apparatus as claimed in claim 1, wherein the processor is
further configured to execute the at least one instruction to:

obtain, for each of the selected image frames, a score corresponding to
the degree of matching by applying the selected image frames to the
trained network model; and

identify the representative image frame having a highest score among
image frames in which the obtained score is greater than or equal to a
predetermined threshold.

The electronic apparatus as claimed in claim 1, wherein the processor is
further configured to execute the at least one instruction to:

obtain, for each of the image frames within the specific section, a score
corresponding to the degree of matching by applying the image frames

within the specific section to the trained network model; and



WO 2020/116983

[Claim 5]

[Claim 6]

[Claim 7]

[Claim 8]

[Claim 9]

37
PCT/KR2019/017180

identify the best image frame as having a highest score among the
obtained scores.

The electronic apparatus as claimed in claim 1, wherein the processor is
further configured to execute the at least one instruction to:

obtain a plurality of image frames of low quality by lowering a
resolution of the plurality of image frames;

identify a representative image frame of low quality by applying image
frames, selected from among the plurality of image frames of low
quality, to the trained network model; and

identify the best image frame by applying the image frames within the
specific section including the representative image frame corresponding
to the representative image frame of low quality, from among the
plurality of image frames, to the trained network model.

The electronic apparatus as claimed in claim 1, wherein the processor is
further configured to execute the at least one instruction to:

delete image frames before a first image frame among the plurality of
image frames, based on a score corresponding to the degree of
matching of the first image frame among the selected image frames
being less than a predetermined threshold; and

identify the first image frame as the representative image frame, based
on the score of the first image frame being greater than or equal to the
predetermined threshold.

The electronic apparatus as claimed in claim 6, wherein the processor is
further configured to execute the at least one instruction to:

delete the image frames before the first image frame among the
plurality of image frames, based on the score of the first image frame
being greater than or equal to the predetermined threshold, and a score
corresponding to a degree of matching of a second image frame
following the first image frame among the selected image frames being
greater than the score of the first image frame; and

identify the second image frame as the representative image {rame.

The electronic apparatus as claimed in claim 1, wherein the processor is
further configured to execute the at least one instruction to:

divide the plurality of image frames into a plurality of events based on
the degree of matching of the selected image frames; and

identify the best image frame for each of the plurality of events.

The electronic apparatus as claimed in claim 8, wherein the processor is

further configured to execute the at least one instruction to determine
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[Claim 11]

[Claim 12]

[Claim 13]
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that a first image frame and a third image frame correspond to different
events, based on a score corresponding to a degree of matching of the
first image frame among the selected image frames being greater than
or equal to a predetermined threshold, a score corresponding to a
degree of matching of a second image frame captured after the first
image frame being less than the predetermined threshold, and a score
corresponding to a degree of matching of the third image frame
captured after the second image frame being greater than or equal to the
predetermined threshold.

The electronic apparatus as claimed in claim 1, wherein:

the trained network model is trained based on a plurality of images
matching the feature information and a plurality of images that do not
match the feature information; and

the feature information is related to at least one of one or more objects
included in an image, an action of the one or more objects, an ex-
pression of the one or more objects, or a situation corresponding to the
image.

A controlling method of an electronic apparatus including a memory
configured to store a network model trained to determine a degree of
matching between an input image frame and predetermined feature in-
formation, the controlling method comprising:

identifying a representative image frame based on a degree of matching
obtained by applying image frames, selected from among a plurality of
image frames, to the trained network model, while the plurality of
image frames are captured through a camera;

identifying a best image frame based on a degree of matching obtained
by applying image frames within a specific section including the
identified representative image frame, to the trained network model,
from among the plurality of image frames; and

providing the identified best image frame.

The controlling method as claimed in claim 11, wherein the identifying
the representative image frame comprises:

applying, to the trained network model, the image frames selected from
among the plurality of image frames at a constant time interval,
wherein the constant time interval is determined based on a deter-
mination speed of the trained network model.

The controlling method as claimed in claim 11, wherein the identifying

the representative image frame comprises:
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obtaining, for each of the selected image frames, a score corresponding
to the degree of matching by applying the selected image frames to the
trained network model; and

identifying the representative image frame having a highest score
among image frames in which the obtained score is greater than or
equal to a predetermined threshold.

[Claim 14] The controlling method as claimed in claim 11, wherein the identifying
the best image frame comprises:
obtaining, for each of the image frames within the specific section, a
score corresponding to the degree of matching by applying the image
frames within the specific section to the trained network model; and
identifying the best image frame as having a highest score among the
obtained scores.

[Claim 15] The controlling method as claimed in claim 11, further comprising:
obtaining a plurality of image frames of low quality by lowering a
resolution of the plurality of image frames; and
identifying a representative image frame of low quality by applying
image frames, selected from among the plurality of image frames of
low quality, to the trained network model,
wherein the identifying the best image frame comprises applying the
image frames within the specific section including the representative
image frame corresponding to the representative image frame of low
quality, from among the plurality of image frames, to the trained

network model.
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